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Abstract

With the advent of high-throughput sequencing and continually decreasing
costs, an abundance of gene expression data has been generated and is avail-
able for analysis. These data provide a rich resource for inferring connections in
gene regulatory networks. A vast collection of methodologies have been devel-
oped, but a challenge remains in assessing and benchmarking their performance.
Gold-standard datasets are scarce, and commonly-used simulators are not de-
signed to resemble the data generated from RNA-seq experiments. The present
study provides a novel random graph generator that produces networks having
comparable topology to transcription networks. In addition, a nonparametric
simulator is proposed that generates conditionally dependent expression data;
the conditional dependencies are based on an underlying network structure, and
the marginal distribution of gene expression profiles are based on a reference
RNA-seq dataset. These methods provide tools for creating in silico RNA-seq
data for benchmarking and assessing gene network inference methods.
Keywords: data science, random graph, transcription network, RNA expression

1 Introduction

Gene regulatory networks (GRN) describe systems of gene-gene interactions that regu-
late gene expression. Using RNA-sequencing to measure simultaneous gene expression
is an effective avenue for inferring these networks. A vast collection of methods have
been developed for reverse engineering the network structure from gene expression
data [7, 14, 13]. Frameworks for GRN inference extend from Bayesian networks to
regression-based models and information-theoretic approaches. [3] These frameworks
have shown success in identifying well-known regulatory interactions, and many meth-
ods have identified new interactions that were later validated [12].

A major challenge remains in assessing the relative performance of different meth-
ods. Assessing network inference is difficult because the true underlying network of
real expression data is unknown, and validating GRNs experimentally is not a simple
task [17]. The Dialogue for Reverse Engineering Assessment and Methods (DREAM)
was an early effort for tackling this challenge [10]. However, there remains limited
resources for next-generation sequencing technologies and assessing performance on
RNA-seq expression data.
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Evaluating the performance of GRN methods requires two components: (1) knowl-
edge of the underlying network structure, and (2) expression data generated from the
network. The first can be obtained from well-studied regulatory interactions, such as
those in the E. coli transcription network [15]. Gene expression data are obtained either
experimentally or through simulations. Real data have been curated from the Gene
Expression Omnibus (GEO) database for E. coli and are publicly available through the
Many Microbe Microarray Database [6]. Simulated data are commonly generated using
dynamic models of gene expression [5]; this produces continuous expression values that
resemble data from microarray experiments. Alternatively, simulators can use a prob-
abilistic model to generate correlated expression data; Gaussian models are often used
in modern methodology papers for assessing GRN inference performance [4, 8, 18, 20].
And while several tools exist for simulating RNA-seq data, none of them address the
problem of simulating RNA-seq expression data from gene co-expression networks.

In this study, we address two major challenges: (1) generating random networks
that have a topology similar to real transcription networks, and (2) simulated RNA-
seq expression data with conditional dependencies defined by an underlying network
structure. The network generator is able to produce a rich distribution of network
topologies, and we demonstrate its ability to replicate the structure of the E. coli
transcription network. The RNA-seq expression simulator uses a reference dataset to
generate realistic data, and we show that the marginal profiles of gene expression are
comparable between simulated and real datasets. In an application of these simulation
tools, a robust evaluation of twelve GRN inference methods is performed by varying
the underlying network structure and comparing different sources of reference datasets.

2 Methods

The proposed simulator consists of three separate components: the network generator,
a Gaussian graphical model (GGM), and a converter from GGM values to RNA-seq
expression data. The network generator decomposes the network into individual gene
modules that specify local connectivity among subsets of genes. The collective dy-
namics of the local modules result in a global structure resembling real transcription
networks. Weights for the local connections are generated under the framework of
a GGM. In the final step, Gaussian values are converted into RNA-seq data while
maintaining the dependence structure among the gene expression profiles.

The local network structures model individual regulatory pathways; each pathway
has its own gene-gene co-expression pattern. As with biological pathways, the network
modules are allowed to overlap. The network generator also incorporates link nodes
used to connect modules together. This models the behavior of transcription factors
that regulate genes across multiple pathways. Within each module, the network struc-
ture is generated using a novel algorithm. Similar to the Watts-Strogatz algorithm [19],
the procedures begins with a ring lattice structure. The connections are then rewired,
each with a constant probability. However, rewiring is performed with preferential at-
tachment. The approach is similar to the Barabasi-Albert model [1], but the preference
in the proposed model does not scale linearly with node degree. Instead, the rankings
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Figure 1: Comparison of a generated network and the E. coli transcription network.
The degree distribution (left), clustering coefficient (middle), and average path length
(right), are shown as a function of node degree with the axes drawn on a log scale.

of the node degree are used in combination with a Beta distribution function. The
end result produces global networks with much larger hub genes than expected under
scale-free network models.

Once the local network structure is created, edges weights are added to each con-
nection. These weights are generated under the guise of a GGM. The Gaussian model
imposes certain constraints to the edge weights, but the overall structure is preserved.
Expression values are generated from the GGM, and the final step of the simulator
converts these Gaussian values into RNA-seq data. This is done by incorporating a
reference dataset and using the inverse-CDF method for transforming Gaussian values
into RNA-seq expression values derived from the empirical distribution of expression
profiles.

3 Results

The random graph generation model is assessed using three topological measures, in-
cluding the degree distribution, clustering coefficient, and average path length [2]. Each
of these measures are considered at a local level as a function of node degree, and at a
global level averaged over the entire network.

The topology of a simulated network is compared to the E. coli transcription net-
work. Figure 1 shows a comparison of the local topologies of both networks. These
plots are shown on a log scale, and both networks show very similar properties. No-
tably, the degree distribution of these networks differ from scale-free networks or small-
world graphs, which would tend to show a linear relationship. This indicate that the
Barabasi-Watts model and Strogatz-Watts algorithm are insufficient for replicating the
structure of the transcription network. However, the proposed model is able to cap-
tures its properties. In particular, it’s able to create the exceedingly high-degree genes
found in E. coli.

In addition to generating gene-gene networks, a nonparametric model for simulating
RNA-seq expression data is proposed. This simulator is able to generate expression
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Figure 2: Precision-recall curves for four GRN inference methods on 30 simulated
datasets.

profiles with marginal distributions that are similar to a reference dataset (results not
shown). In an application, simulated data are used to assess the performance of 12
co-expression networks in various settings; these settings include various topologies for
the underlying network and different marginal distributions for the expression data.
The receiver operating characteristic (ROC) and precision-recall (PR) curves are used
to summarize method performance, along with their respective area under the curve
(AUC) metrics.

Results for four methods are shown in Figure 2 in terms of their PR-curves from
30 simulations. The methods shown include ARACNE [11], GENIE3 [9], DWLasso
[16], and CLR [6]. The underlying network was generated from the proposed graph
generating algorithm, and the expression data were modeled from a breast cancer
reference dataset. These results suggest that DWLasso and ARANCE have relatively
better performance for inferring gene-gene connections compared to GENIE3 and CLR.
However, the relative performance will change depending on the underlying network
structure and the performance metric considered (results not shown).

4 Discussion

The proposed methods fill two voids that are present in the current literature. The first
is a random graph generation model that is able to capture the topological properties
found in real transcription networks. The topology of the E. coli transcription network
diverges from those expected under a scale-free model, where the node degree follows a
power-law distribution. This highlights the need for new generators that extend beyond
classical approaches like the Watts-Strogatz algorithm and Barabasi-Albert model, and
the proposed method achieves in this regard. The second void filled is a simulator for
expression data that can mirror the marginal expression profiles found in RNA-seq
datasets. The proposed method takes a nonparametric approach that is applicable to
any reference dataset.

Taken together, these methods can be used in a variety of applications: for exam-
ple, (1) to compare the performance of various co-expression methods in a particular
setting; (2) to explore how robust a method is to assumptions on network topology or
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distribution of gene expression; (3) to determining whether different transformations
of the data improve performance; (4) to display the estimated network and visually
compare it to the true underlying network; (5) to determine if a method is able to
identify certain motifs in the underlying network; and (6) to assess the performance of
differential network analysis methods.
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